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Abstract. The enzymatic browning of fruits and vegetables caused by mechanical injury during post-
harvest storage or processing is initiated by the catalytic action of polyphenoloxidase (PPO). A bleaching 
treatment prior to processing is still considered mostly effective in inhibiting the catalytic activity of PPO, 
and thus controlling undesirable enzymatic browning. In this work, different mathematical routines were 
assessed in terms of their adequacy to describe the thermal inactivation of PPO from Golden apples over a 
range of temperatures from 62.5 to 72.5 ºC. The classical approach to kinetic modelling of the decay activity 
of apple PPO, commonly reported to follow a first-order model, employs a two-step procedure, in which the 
model parameters are individually obtained, by each temperature studied, using non-linear or linear 
regressions. Thereafter, the estimated parameters are further used to calculate their temperature dependence. 
Alternatively, a one-step method provides a regression fit to all experimental data sets, with the temperature 
dependence equation being directly built in the kinetic model. This fitting technique thus, (a) avoids the 
estimation of intermediate parameters and, (b) substantially increases the degrees of freedom and hence the 
precision of parameters’ estimates. Within this issue was further explored the logarithmic transformation of 
the mathematical equations used on the adequacy of the model to describe experimental data. In all cases 
non-weighted least-squares regression procedures were used. Both the examination and criticism of the 
current modelling strategies were done by assessing statistical data obtained, such as the confidence intervals 
of the estimates, correlation coefficients, sum of squares, and residuals normality. 
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1. Introduction 
 
Thermal processes (e.g. sterilization, pasteurisation and blanching), to inactivate microorganisms and 
enzymes, are of great importance in the food and pharmaceutical industries and, therefore, thermal 
inactivation/stabilization kinetics of enzymes have received much attention. In various fields of science, when it 
comes to modelling, two aspects are important, one being the proposition of a model including its criticism, and 
the other being the estimation of the relevant parameters in the model. Different methods have been presented in 
the literature for estimation of the parameters, however an individual, two-step analysis has been the most 
common practice (Boeckel, 1996). In this process, the rate parameters are firstly determined at each temperature 
studied by least-squares estimation, which, for the sake of simplicity, generally involves the transformation of 
non-linear equations into linearized forms. Such linear transformation might be further applied, in a second step, 
to the temperature dependence equation for the analysis of the obtained rate parameters. Although this approach 
is simple, the assumptions of normally distributed errors may not be valid because the linearization can change 
the errors distribution (Leatherbarrow, 1990). The use of this simplification has been largely due to the 
computational difficulty involved in the iterative method of non-linear estimation. With the advances in 
computing capabilities the use of non-linear least-squares parameter estimation techniques has however become 
more feasible. 
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Alternatively, a one-step method provides a regression fit involving all experimental data sets, with the 
temperature dependence equation being directly built in the kinetic model, to simultaneously estimate the kinetic 
and temperature dependence parameters. This fitting technique thus, (a) avoids the estimation of intermediate 
parameters and, (b) substantially increases the degrees of freedom and hence the precision of parameters’ 
estimates (Cohen and Saguy, 1985; Haralampu et al., 1985). 
Polyphenoloxidase (PPO) is an enzyme that mediates the browning of fruits and vegetables due to 
mechanical injury during postharvest storage or processing. Because of the membrane disruption of cellular 
organelles, both the enzyme and phenolic compounds are released. In the presence of oxygen, the enzyme 
catalyses the conversion of o-diphenolic compounds into o-quinones, which, subsequently, polymerize non-
enzimatically to brown pigments. A bleaching treatment before processing is generally considered as the most 
effective method to inactivate PPO and, subsequently, to inhibit enzymatic browning. 
This study addresses the problem of kinetics parameter estimation presenting an ordinary least-squares 
regression approach of non-linear and linear two-step or one-step methods. The model data sets were obtained 
from experiments of thermal inactivation of Golden apple polyphenoloxidase in the temperature range of 62.5 to 
72.5 ºC. To validate the necessary assumptions regarding normality and constancy of errors, it was further 
performed the analysis of the regression residuals. 
 
2. Materials and Methods 
 
2.1. Extraction and Partial Purification Procedures 
Golden apples were purchased from local supermarkets and submitted to extraction and partial purification 
following the methodology of Weemaes et al. (1998). Distilled water (500 mL) with 5 g PVP (Sigma-Aldrich) 
and 2.5 mL of Triton-X-100 were added to 500 g of fruit and homogenized in a blender. Filtration of the 
obtained homogenate was carried out through several layers of cloth, and the resulting filtrate was submitted to 
centrifugation at 15,000 xg for 15 min at 4 ºC. The supernatant was precipitated using ammonium sulphate, first 
at 30% saturation, and the resulting supernatant further precipitated at 90% saturation. The obtained pellet was 
redissolved in distilled water and dialysed overnight to remove ammonium ions. The dialysed extract was 
lyophilised and stored at -18 ºC. 
 
2.2. Thermal Inactivation 
An enzyme solution of 20 mg mL-1 was prepared in 0.1 M phosphate buffer, pH 6.5 (preliminary analyses 
were carried out to determine the pH value at which the enzyme had optimal activity). Duplicated glass tubes 
containing 4 mL of 0.1 M phosphate buffer (pH 6.5) were allowed to equilibrate in a thermostatic water bath set 
at the inactivation temperatures of 62.5, 65, 67.5, 70 and 72.5 ºC. Aliquots of 1 mL from the enzymatic solution 
were added to the tubes with buffer, immediately closed and immersed in the water bath. At pre-determined time 
intervals, aliquots of 350 µL were transferred to eppendorf tubes with 250 µl of 0.1 M sodium phosphate buffer 
(pH 6.5), immersed on ice water, and the remaining enzyme activity was measured. Preliminary experiments 
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confirmed that the enzyme was not able to regain activity during the storage period on ice water prior to 
measurements. 
 
2.3. Activity Assay 
Enzyme activity was measured spectrophotometrically (Jenway 6405 UV/VIS kinetics spectrophotometer, 
Essex, U.K.) using catechol as substrate, according to the method reported by Weemaes et al. (1998). The 
increase in optical density upon addition of an aliquot of 500 µL of the enzyme solution to 500 µL of substrate 
(0.0133 M of catechol in 0.1 M phosphate buffer, pH 6.5) was assayed at 400 nm and 25 ºC, with a lag time of 
20 s, every second over one minute. The initial reaction rate (∆OD min-1), used to define enzyme activity, was 
calculated using linear regression, over the linear portion of the curve relating absorbance versus time. 
 
2.4. Kinetic Parameter Estimation 
The first-order equation has been used to describe, using least-squares fitting, the kinetics of thermal 
inactivation of enzymes, in general, and PPOs, in particular (Lee et al., 1983; Weemaes et al., 1997, 1998). The 
decay of enzyme activity, described by the first-order kinetics parameter, k, the inactivation rate constant (min–
1), can be expressed as: 
 
kt)(exp
A
A
0
−=                (1) 
 
 
where A is the residual activity of the enzyme (∆OD min-1), A0 is the initial activity of the enzyme (∆OD min-1), 
and t is the heating time (min).  
The linear regression from the logarithmically transformed Eq. (1), using least-squares estimation, is most 
preferred by researchers in the context of enzyme inactivation. The advantages of using linear regression are (a) 
the opportunity to easily check graphically the validity of the model, (b) the values of the parameters follow 
directly from the regression procedure including exactly defined confidence intervals and, (c) the reasonable 
starting values that can be obtained for a subsequent non-linear parameter estimation. A drawback of this 
regression is that non-linear transformation of the dependent variables may violate one of the assumptions 
inherent to least-squares fitting. In this way, such procedure can change the structure of the normally distributed 
errors from the original data (Leatherbarrow, 1990). 
The estimation of the activation energy is derived from the Arrhenius equation according to: 
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where kref is the pre-exponential factor at a reference temperature, Tref (K), Ea is the activation energy (kJ mol-1) 
and R is the universal gas constant (8.314 J mol-1 K-1). In kinetic analysis, because of the usually very narrow 
experimental range of temperatures studied, the high correlation between the pre-exponential factor, k, and the 
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Ea values yields poorly estimated model parameters. The reformulation of the Arrhenius equation with 
introduction of a finite reference temperature, typically the average of the temperatures tested, allows 
overcoming this problem, and thus improves parameter estimation (Haralampu et al., 1985). 
The classical approach to kinetic modelling employs a two-step procedure of linear regressions, in which the 
model parameters are individually obtained by fitting the logarithmic transformation of the kinetic model [Eq. 
(1)] to the experimental data sets, by each temperature studied. Thereafter, the estimated parameters are further 
used to calculate the activation energy (Ea), via linearization of the temperature dependence equation [Eq. (2)]. 
On the other hand, a one-step method considers the inactivation data obtained at different temperatures 
simultaneously, with the temperature equation being directly built in the kinetic model, to simultaneously 
estimate kref and Ea values. Therefore, the incorporation of the Arrhenius equation [Eq. (2)] in the first-order 
reaction equation [Eq. (1)] results in: 
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With regard to these procedures, the selection between non-linear or linear regressions was evaluated on the 
adequacy of the model to describe the experimental data.  The linearization of Eq. (3) was proposed by Rodrigo 
et al. (1996) and can be obtained by taking logarithms twice. The enzyme activity decay can thus be described 
by the following equation: 
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The MATLAB student version Release 12.1 (The MathWorks, Inc., MA, USA) was used for the non-linear 
and linear regressions of the PPO inactivation curves. 
 
3. Results and Discussion 
 
3.1. Parameter estimation 
Figure 1 illustrates the fits of the different regression methods and models (non-linear or linear) used in this 
work. Whereas both the linear and non-linear two-step method showed a good agreement with the experimental 
values, the linear one-step method, though following the trend in the data, yielded considerable poor fits. The 
non-linear one-step method regression generally provided fairly good fits (except for the experimental data at 
62.5 ºC and 65 ºC, which were slightly under-predicted and over- predicted, respectively). 
Table 1 presents the estimated model parameters according to the various regression approaches. It was 
found that the two-step method determined larger confidence intervals, which make the estimates more difficult 
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to interpret. This is particularly relevant for the estimated activation energies. Though this analysis probably 
displayed the best individual fits at each temperature, the estimation of intermediate parameters and decreased 
number of degrees of freedom gave the least accurate parameters’ estimates. Comparison of the values for the 
root mean square error (RMSE) and the correlation coefficients (R2) further indicated that the estimation routine 
using the linear one-step regression was the least suitable to describe the experimental data of kinetics 
inactivation of PPO in buffer (i.e. RMSE and R2 had the highest and lower values, respectively). 
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Fig. 1. Comparison of model fitting (solid lines) to experimental data of Golden apple polyphenoloxidase 
inactivation at 62.5 ºC (?), 65 ºC (?), 67.5 ºC (?), 70 ºC (Ο) and 72.5 ºC (?) in 0.1 M phosphate buffer, pH 
6.5. (a) non-linear and (b) linear two-step regression; (c) non-linear and (d) linear one-step regression. 
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Table 1. Parameter results and their 95% confidence limits for the thermal inactivation of apple PPO in buffer 
Regression method Parameters   
 kref a x102
(min-1) 
Ea
(kJ mol-1) 
R2 RMSE c x102
Two-step 
         non-linear 
 
4.17 ± 0.56 
 
81 ± 35 
 
>0.99 b
 
0.016-0.041 b
         linear 4.02 ± 0.44 93 ± 30 >0.99 b 0.071-0.15 b
One-step     
         non-linear 4.09 ± 0.12 88 ± 8.0 0.99 0.034 
         linear  4.20 ± 0.15 85 ± 10 0.76 0.177 
 a The reference temperature chosen was the mean value of the inactivation temperatures: 67.5 ºC. 
     b The statistical results refer to as the individual regressions by temperature. 
     c RMSE stands for root mean square error. 
 
 
3.2. Diagnosis using Residual Analyses 
The appropriateness of a model to describe data can generally be assessed by the scrutiny of the residuals, 
which should hold constant variance, independence and normal distribution (Chatterjee et al., 2000). These 
assumptions, inherent to the least-squares fitting, should be fulfilled for the validity of this approach. 
The residuals were analysed for nonrandomness by plotting the standardized residuals versus time. Under the 
assumption of independent errors, the points should be scattered randomly within a horizontal band around zero. 
Also, the standardized residuals should be uncorrelated with the variable. Any discernible pattern in this plot 
may indicate violation of some least-squares assumptions. Figure 2 shows the residual plots of the models for 
the inactivation kinetics of PPO. For both non-linear and linear models in the one-step regression approach, 
there seems to have been a lack of randomness in the residuals. For the errors in non-linear regression, the 
residuals were generally positive for 62.ºC and negative for 65ºC, changed from negative to positive for longer 
heating times for 67.5ºC and 70ºC, while an opposite trend was verified for 72.5ºC. The residuals from the linear 
fitting, Fig. 2d, showed similar problems though with an opposite deviation. In fact, qualitatively, the residual 
pattern distribution of Fig 2d, can be, basically, obtained by rotating Fig. 2c 180º around the horizontal line of 
zero deviation. In both cases, larger variations between experimental and predicted values were found for shorter 
heating times. These plots suggest a possible inadequacy of these model regressions to describe the experimental 
data, yielding over- and under-estimations, with an opposite trend, in relation to inactivation temperature and 
heating time. Some of these findings were mentioned earlier from the visual inspection of the graphical 
representation of data fittings (Fig. 1). 
The error variance was also not constant over all the observations for the non-linear two-step analysis (Fig. 
2a). The residuals showed a funnel-shaped distribution, suggesting a decreasing variance of the observations 
with increasing time (heteroscedasticity). If heteroscedasticity is present, and no corrective action is taken, 
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application of the general least-squares to the data will result in estimated parameters which lack precision in a 
theoretical sense (Chatterjee et al., 2000). It is worth to note that the residuals from the logarithmically 
transformed data exhibited, in general, a more relaxed heteroscedasticity (Fig. 2b). The funnel-shaped 
distribution of the residuals has opposite configurations, with non-linear regression funnelling for longer 
inactivation times, while a less pronounced funnelling occurs in the case of linear regression, for shorter heating 
times. This means that the transformation used in the linearization of the Eq. (1) was reasonably successful in 
stabilising the variance, i.e. making the variance closer to constancy. However, logarithmic transformation can 
violate the assumption of normality if the errors associated with each untransformed response are normally 
distributed (Leatherbarrow, 1990). Therefore, the next step in determining model adequacy is to check normality 
assumptions. 
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Fig. 2. Residual analyses for the (a) non-linear and (b) linear two-step regression; (c) non-linear and (d) linear 
one-step regression. 62.5 ºC (?), 65 ºC (?), 67.5 ºC (?), 70 ºC (Ο) and 72.5 ºC (?). 
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A normal probability plot of the standardized residuals is (nearly) linear if the measured variables have 
normally distributed errors (Chatterjee et al., 2000). From the normal probability plots of the residuals in Fig. 
3a-c, it can be seen that there was no significant deviation from normality for both the non-linear and linear two-
step and non-linear one-step regressions, except for some residuals at both ends of the plot. Moreover, the 
residuals from the logarithmically transformed data fell more appropriately upon the linear trend (Fig. 3b). 
Consequently, this transformation enabled the dual purpose of stabilizing the variance, as well as having the 
effect of making the distribution of the transformed variable closer to the normal distribution. The residuals for 
the linear one-step regression, however, were not linear (Fig. 3d), thus suggesting that the errors in this log-
transformed approach were not described by a normal distribution. 
 
 
 
 
 
 
Standard Normal Quantile
St
an
da
rd
iz
ed
 R
es
id
ua
l
.01 .05 .1 .25 .5 .75 .9 .95 .99
-5
-4
-3
-2
-1
0
1
2
3
4
5
-3 -2 -1 0 1 2 3
(a)
Standard Normal Quantile
St
an
da
rd
iz
ed
 R
es
id
ua
l
.01 .05 .1 .25 .5 .75 .9 .95 .99
-4
-3
-2
-1
0
1
2
3
4
-3 -2 -1 0 1 2 3
(b)
 
 
Standard Normal Quantile
St
an
da
rd
iz
ed
 R
es
id
ua
l
.01 .05 .1 .25 .5 .75 .9 .95 .99
-4
-3
-2
-1
0
1
2
3
-3 -2 -1 0 1 2 3
(c)
Standard Normal Quantile
St
an
da
rd
iz
ed
 R
es
id
ua
l
.01 .05 .1 .25 .5 .75 .9 .95 .99
-2
-1
0
1
2
3
4
5
-3 -2 -1 0 1 2 3
(d)
 
 
Fig. 3. Quantile-normal quantile plots of residuals for the (a) non-linear and (b) linear two-step regression; (c) 
non-linear and (d) linear one-step regression. 
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4. Conclusions 
 
The problems of kinetics parameter estimation were presented in this work, through the analysis of the 
adequacy of both the least-squares non-linear and linear two-step (classical) and one-step methods to describe 
the thermal inactivation kinetics of polyphenoloxidase. Rearrangement of the model into linear form was 
particularly useful in the two-step approach. The logarithmic transformation fulfilled the model adequacy 
criteria of both the normal distribution and constant variance of residuals. Unfortunately, the poor parameter 
estimability of the two-step method cannot be significantly improved because of the estimation of intermediate 
parameters and a decreased number of degrees of freedom. Alternatively, the one-step method, though 
overcoming this drawback by estimating more accurate kinetics parameters, did not represent the data 
adequately.  
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